One major expectation from the transcriptome in humans is to characterize the biological basis of associations identified by genome-wide association studies. So far, few cis expression quantitative trait loci (eQTLs) have been reliably related to disease susceptibility. Trans-regulating mechanisms may play a more prominent role in disease susceptibility. We analyzed 12,808 genes detected in at least 5% of circulating monocyte samples from a population-based sample of 1,490 European unrelated subjects. We applied a method of extraction of expression patterns-independent component analysis-to identify sets of co-regulated genes. These patterns were then related to 675,350 SNPs to identify major trans-acting regulators. We detected three genomic regions significantly associated with co-regulated gene modules. Association of these loci with multiple expression traits was replicated in Cardiogenics, an independent study in which expression profiles of monocytes were available in 758 subjects. The locus 12q13 (lead SNP rs11171739), previously identified as a type 1 diabetes locus, was associated with a pattern including two cis eQTLs, RPS26 and SUOX, and 5 trans eQTLs, one of which (MADCAM1) is a potential candidate for mediating T1D susceptibility. The locus 12q24 (lead SNP rs653178), which has demonstrated extensive disease pleiotropy, including type 1 diabetes, hypertension, and celiac disease, was associated to a pattern strongly correlating to blood pressure level. The strongest trans eQTL in this pattern was CRIP1, a known marker of cellular proliferation in cancer. The locus 12q15 (lead SNP rs11177644) was associated with a pattern driven by two cis eQTLs, LYZ and YEATS4, and including 34 trans eQTLs, several of them tumor-related genes. This study shows that a method exploiting the structure of co-expressions among genes can help identify genomic regions involved in trans regulation of sets of genes and can provide clues for understanding the mechanisms linking genome-wide association loci to disease.
Introduction
Owing to the development of genome-wide association studies (GWAS), the last two years have witnessed spectacular successes in the identification of new loci involved in the susceptibility to complex diseases [1] . However, most of these associations have yet to be translated into a full understanding of the genetic mechanisms that are mediating disease susceptibility. The possibility of assaying genome-wide expression (GWE) and genome-wide variability (GWV) simultaneously in large-scale studies opens new perspectives for unravelling these mechanisms [2] .
Several studies on the genetics of expression have shown that a considerable number of genes are regulated by expression SNPs and that cis expression quantitative loci (eQTLs) largely outnumber trans eQTLs [3] [4] [5] [6] [7] [8] . A reason for this imbalance might be that trans eQTLs are beneath the level of detection of most studies because, unlike cis eQTLs, they do not directly influence gene expression. Moreover, trans associations are more sensitive to confounding factors including technical experimental effects and stratification of the cell population [9] .
Large-scale transcriptional modules, i.e. sets of genes highly coregulated, which are thought to be involved in pathophysiological processes [10] , have been described in yeast [11, 12] , Drosophila [13] , mice [14] [15] [16] and humans [6] . Identification of trans-acting SNPs affecting such transcriptional modules might enhance our understanding of the molecular mechanisms involved in pathophysiological processes. Since such trans-acting SNPs are expected to have pleiotropic effects on a large number of genes, each being modestly affected, their statistical mapping may be facilitated by prior recognition of subsets of co-regulated genes.
In the present study, we have analyzed 12,808 genes expressed in circulating monocytes in relation to GWV in a populationbased sample of 1,490 unrelated subjects participating in the Gutenberg Health Study (GHS). We applied first a method of extraction of expression patterns -independent component analysis (ICA) [17] [18] [19] -in order to identify sets of co-regulated genes. These patterns were then related to 675,350 SNPs to identify major trans-acting regulators. We identified three genomic regions, centered on the ERBB3, SH2B3 and LYZ-YEATS4 genes respectively, that were associated to expression patterns. Connecting these results with recent GWAS findings provided potential clues for better understanding the genetic basis of complex diseases.
Results
The study was conducted in 1,490 individuals of European origin (730 women and 760 men) aged 35 to 74 years that were recruited in the GHS, a community-based project conducted in a single centre in the region of Mainz (Germany) [20] . Monocytes were freshly isolated from peripheral blood by negative separation using a cocktail of antibodies directed against non-monocytic cells (CD2, CD3, CD8, CD19, CD56 and CD66b). GWE profiles were generated using Illumina Human HT12 BeadChip expression arrays, and after normalization and filtering out of genes whose expression was under the detection level in significantly more than 95% of samples and genes not well characterized, 12,808 expression traits (averaged over probes) remained for analysis (see Methods).
Description of ICA method
The goal of ICA [18, 19] is to find hidden variables, called ''independent components'', which represent underlying processes that influence gene expression. The expression of each gene is written as a linear function of these components, where the influences of different components show minimal statistical dependencies. Each component defines groups of co-induced and/or co-repressed genes. These components may be viewed as reflecting distinct biological causes influencing gene expression, such as activation of signaling pathways, binding of transcription factors, posttranscriptional regulation…
We consider an expression data matrix X whose rows correspond to genes and columns to individuals. The ICA model splits the matrix into a matrix product X,SA (see Figure 1) , subject to the condition that the statistical dependence between the K columns of S be minimized. The expression level of gene i in individual j is
where s ik is the contribution of component k on gene expression i and a kj is the level of ''activation'' of that component in individual j. Note that the components can be interpreted in a dual view. First, each column of S is a vector of the linear contributions of the component on each gene expression which can be interpreted as the ''signature'' of the underlying biological process. To minimize the dependence between the columns of S, ICA identifies components that exhibit approximately sparse signatures, showing an increased proportion of contributions close to zero. Each component can then be characterized by a set of genes for which its contributions are ''significantly'' different from zero (see the definition of modules below). Importantly, different components can be characterized by overlapping sets of genes. For this reason, ICA is likely to better reflect biological reality than methods that partition genes into distinct clusters.
Alternatively, each component can be characterized by its pattern of expression in individuals (rows of A) which reflects the level of ''activation'' of the underlying biological process. Pattern levels are estimated by linear combinations of gene expression levels obtained by inverting the equation X,SA. Patterns can be correlated with each other in the population. This is an advantage of ICA over classical methods of dimensionality reduction relying on orthogonality of factors like principal component analysis (PCA) [21, 22] .
Author Summary
One major expectation from the transcriptome in humans is to help characterize the biological basis of associations identified by genome-wide association studies. Here, we take advantage of recent technical and methodological advances to examine the influence of natural genetic variability on .12,000 genes expressed in the monocyte, a blood cell playing a key role in immunity-related disorders and atherosclerosis. By examining 1,490 European population-based subjects, we identify three regions of the genome reproducibly associated with specific patterns of gene expression. Two of these regions overlap genetic variants previously known to be involved in the susceptibility to type 1 diabetes, celiac disease, and hypertension. Genes whose expression is modulated by these genetic variants may act as mediators in the causal relationship linking the variability of the genome to complex disease. These findings illustrate how integration of genetic and transcriptomic data at an epidemiological scale can help decipher the genetic basis of complex diseases.
In the following, we used the term of ''signature'' or that of ''pattern'' for a component according to whether it referred to columns of S (genes) or rows of A (individuals). Figure 1 shows an illustration of ICA for K = 2. Figure 2 shows the analysis workflow. After normalization of raw expression data, filtering of undetected probes and removal of outlier samples by multi-dimensional scaling (MDS) analysis (Figures S1, S2, S3, S4), singular value decomposition (SVD) was used prior to ICA to reduce the dimensionality of data and determine the optimal number of components to extract by ICA [18, 19] (see Text S1). As shown by the SVD screeplot ( Figure S5 ), 30 orthogonal components were able to capture 50% of the global variability of the transcriptome. However, as we were interested in components potentially explaining small, but meaningful, variations of the transcriptome, we extended the number of components up to the limit beyond which variability appeared mostly attributable to random noise. According to the SVD screeplot, this limit was 112 (Text S1). The FastICA algorithm was then run with this fixed number of components.
Analysis workflow
Twenty-one of the 112 components identified by ICA were characterized by a single individual who explained more than 10% of the variability of the pattern in the population. Actually, we found that most of these individuals, although not having been initially identified as outliers, were at the periphery of the main cluster of individuals obtained from the MDS analysis of expression data performed prior to ICA (Text S1, Figure S4 ). These 21 ''individual-specific'' components were no longer considered, leaving 91 components for further analysis.
Modules of genes characterizing signatures
The fundamental principle of ICA estimation is that the columns of S (signatures) must be as non-gaussian as possible, typically a peaked distribution with few genes at the tails to which the signature strongly contributes, and the majority of genes in the center being weakly or not influenced [18, 19] . To determine the most non-gaussian signatures, hence the most informative components, we used the kurtosis which measures the peakedness of the distribution [18] and focused on signatures showing a kurtosis $3. This criterion led to the selection of 64 signatures. As explained above, the 64 signatures correspond to 64 patterns of expression in the population. Some of these patterns exhibited strong pairwise correlations (see the correlation matrix in the GHS_ICA_Modules database at http://genecanvas.ecgene.net/ uploads/ForReview/).
For each of these 64 signatures, we defined the ''module'' as the subset of genes the most strongly influenced, i.e. genes at both extremes of the distribution. For this purpose, we used a method proposed for false discovery rate (FDR) estimation [23] . Genes Figure 1 . An example of the ICA method with K = 2 (K, number of independent components). Data are represented using a heat color map, from dark blue (minimum) to dark red (maximum). ICA splits the gene expression matrix X into a matrix product X = SA, introducing two new components (''signatures'', contained in the columns of S) with minimal statistical dependencies between them. These components may be viewed as reflecting hidden underlying processes influencing gene expressions (P1 and P2). In the example, P1 influences 3 genes and P2 influences 4 genes. Gene G3 is influenced by both processes, which is reflected by the dark red and dark blue colors in the row corresponding to G3 in matrix S. The rows of matrix A represent the levels of the two components in individuals (''patterns''). The same data are shown as continuous profiles below. Individuals have been ordered to show that when levels of pattern 1 increase, levels of pattern 2 decrease, resulting in a negative correlation between the two patterns. doi:10.1371/journal.pgen.1002367.g001 associated with an FDR,10 23 were considered as belonging to the module characterizing the signature. The size of the modules varied from 14 to 670 genes (median 179).
Gene Ontology enrichment analysis of modules
A Gene Ontology (GO) analysis was performed to identify modules that were associated with specific biological processes. For 42 of the 64 modules (66%), we found a significant enrichment of GO classes from genes of the module (Table S1 ). Overrepresented biological categories included a large number of categories related to immune and inflammatory response (reponse to virus, T-cell activation, response to bacteria/fungus, cytokine activity, acute inflammatory response, humoral immune response …) and several low level biological process categories such as the nucleotide metabolic process, mRNA metabolic process, ribosome biogenesis, regulation of cell proliferation, nucleosome assembly (histone genes), and cell-cycle.
Association between patterns and genome-wide variability (GWV) We next investigated whether the level of expression of patterns in the population was influenced by SNPs. GWV genotyping was carried out using Affymetrix SNP Array 6.0. After quality control filters, 675,350 SNPs were available for testing association with the 64 patterns.
Association between patterns and SNPs was tested in a 2-step approach ( Figure 2 ). First, we applied a filtering to select SNPpattern associations that were significant at P,10 27 (suggestive associations). The significance threshold used in this first step was taken not too stringent in order to increase the sensitivity. The second step was aimed at discarding the SNP-pattern associations that were almost entirely explained by a single or very few genes of the module whose expression strongly correlated to the SNP. This would be the case, for example, for a SNP having a strong effect on a cis eQTL belonging to the module, but not associated with any other expression trait of the module. To exclude these cases of less interest for the present study, a SNP-pattern association was retained at step 2 if the corresponding module was significantly enriched in expression traits individually associated to the SNP by reference to the whole set of expression traits. Since the goal here was to detect associations not necessarily very strong but clustering within modules, a threshold of P, 10 25 was taken for associations between SNP and individual expression traits (the threshold adopted for results reported in the publicly available GHS_Ex-press database of SNP-expression associations http://genecanvas. ecgene.net/uploads/ForReview/). Enrichment of the module in significant associations was tested using a hypergeometric test with This 2-step approach led to the detection of 11 patterns associated with one or several SNPs at the same locus. The proportion of variability of the pattern explained by the lead SNP at the locus varied from 1.9% to 24.8% (Table 1) . Because the method of monocyte enrichment did not yield a 100% purity and even modest heterogeneity of cell content may induce artefactual correlations among expressions [24] , we checked whether contamination by non-monocyte cells might affect the associations observed. For this purpose, we generated surrogate variables of contamination corresponding to each blood cell type reported in the HaemAtlas [25] . We created 7 variables corresponding to the different cell types (CD4+, CD8+, CD19+, CD56+, CD66b+, erythroblasts and megakaryocytes) by averaging in each individual his (her) levels of expression for the transcripts reported to be specific of that cell type. When re-testing the 11 SNP-pattern associations by multiple regression analysis simultaneously adjusting for the 7 contamination variables, 5 associations lost significance ( Table 1) . Worthy of note, the corresponding modules were enriched in GO categories relevant for the incriminated cell types (Table S1 ). Moreover, in several cases the best associated SNP was located in a gene highly relevant to the type of cell: the ARHGEF3 gene, which has been reported to influence mean platelet volume [26] , was involved in potential contamination by platelets; the CD8A gene, encoding the alpha chain of the CD8 antigen found on T cells, was involved in the level of likely contamination by T cells; the MAP3K7 gene, a gene involved in Bcell specific immune response [27] , was involved in the level of contamination by B cells. Following the same reasoning, we might anticipate a biological link between the MAGI2 gene and potential contamination by erythroblast-derived cells (Table 1) .
For associations that were not affected by potential contamination, we checked whether they replicated in the Cardiogenics Study in which monocyte GWE profiles and GWV genotypes were available in 758 subjects (see Methods). Replication in Cardiogenics was assessed by examining the association between the lead SNP (or a proxy when it was not available) and each expression trait of the module. For three of the SNP-pattern associations (rs1058348-pattern7, rs2300573-pattern33 and rs2842892-pattern66), replication was not achieved in Cardiogenics as none of the expression traits in the module was significantly associated to the SNP. Detailed results of these associations are available in the GHS_ICA_modules database (http://genecanvas.ecgene.net/uploads/ForReview/). Worthy of note, module of pattern 33 was strongly enriched in genes involved in the immune response and largely overlapped with the recently identified rat network centered on the transcription factor IRF7, a master regulator of the type-1 interferon response [28] . For three modules, at least two expression traits were significantly associated to the SNP at a Bonferroni-corrected threshold, and a significant enrichment in genes associated with the SNP was observed at the suggestive threshold of 10
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Association of pattern 102 with locus 12q13 involved in type 1 diabetes (T1D) susceptibility
The association between pattern 102 and rs11171739 on chromosome 12q13 (P = 2.9610 270 for association, P = 2.5610 221 for enrichment) is of particular interest as rs11171739 has been identified by GWAS as a marker for T1D susceptibility [29, 30] . The locus 12q13 encompasses two genes, ERBB3 coding for a receptor tyrosine kinase and RPS26 coding for a ribosomal protein. Cis regulation of RPS26 in diverse tissues, in particular the pancreas, has been used to argue that this gene was a more likely candidate than ERBB3 for T1D association although this is a matter of controversy [7, 30, 31] .
Module 102 contained two cis eQTLs associated to rs11171739, RPS26 and SUOX (P,10 2300 and 3.1610 218 , respectively). The cis regulation of RPS26 in monocytes confirms that reported in other cell types [4, 7, 8] . Module 102 also contained several paralogs of RPS26 (RPS26L, RPS26L1 and RPS26P10) whose association with rs11171739 was probably due to cross-hybridiza- tion artifacts (Table S2) . Two other genes were significantly associated in trans, MADCAM1 on chromosome 19 and CCDC4 (also known as BEND4) on chromosome 4, a gene of unknown function whose expression was also found associated to the 12q13 locus in leukocytes [8] . All gene expressions individually replicated for association in Cardiogenics with a proxy of rs11171739 (rs10876864, LD r 2 = 0.91), except RPS26L1 (P = 0.75) and RPS26P10 for which there was no probe in Cardiogenics (Table  S2) . Moreover, all associations were in the same direction in the two studies and the SNPs were associated with very similar R 2 . Among all the genes of module 102, MADCAM1 (mucosal addressin cell adhesion molecule-1) appears as the strongest biological candidate for T1D [32] [33] [34] . However, caution is needed in the interpretation of the present results for several reasons. First, when performing the analysis at a probe level, the effect of rs11171739 was observed for only one of the two Illumina probes (ILMN_1767973). Second, this probe was detected (i.e. expressed above background) only in a small fraction of subjects (,7%), the other probe being undetected. The SNP association for this probe, however, strongly replicated in Cardiogenics (Table S2 ), albeit that both probes were considered as ''undetected'' according to the detection criteria set for their analysis in Cardiogenics. Nevertheless, the consistency of the association with the SNP in both studies raises an important issue related to the difference between lack of detection and lack of expression, as recently indicated by a study showing that a large fraction of X-linked genes considered as nonexpressed by microarray studies were actually detectable by RNAsequencing quantification [35] . Even when its expression level is below the microarray detection threshold, a transcript may be of great interest if it proves to be related to a SNP or any other relevant factor. The increasing power of most contemporary transcriptomic studies should facilitate the detection of effects that were missed in earlier less-powered studies. Further validation experiments in monocytes using RT-PCR indicated hybridization problems around the MADCAM1 exon 4 region where the associated Illumina probe is located and did not replicate the association (unpublished results). Since SNPs are present within the sequence used for replication (www.ensembl.org), we cannot exclude the possibility that insufficient hybridization and/or crosshybridization affects the present results. Nevertheless, using probes and primers located in other exonic regions of the gene, high expression of MADCAM1 in monocytes was detected. Further, unpublished expression data on exon level in peripheral blood mononuclear cells confirmed these observations of MADCAM1 expression and association with rs11171739 (P,0.03).
Association of pattern 62 with locus 12q24 involved in pleiotropic phenotypes
The association between pattern 62 and rs653178 at locus 12q24 (P = 2.4610
29 for association, P = 5.5610 210 for enrichment) deserved attention for several reasons. First, the locus 12q24 has been reported in GWAS to be involved in pleiotropic phenotypes including celiac disease [36] , T1D [30] , asthma [37] , myocardial infarction and coronary artery disease [26, 37] , blood pressure (BP) [38] [39] [40] , platelets counts [26] , eosinophil number [37] and hematocrit [39] . The locus encompasses two genes, SH2B3 and ATXN2, SH2B3 being generally considered as the most likely candidate for disease susceptibility. Second, pattern 62 strongly correlated with systolic (P = 2.7610 220 ) and diastolic (P = 5.7610 215 ) BP in GHS subjects. Third, the most significant gene expression within module 62 was CRIP1 (P = 2.8610 27 ) which, in a previous analysis of GHS data, emerged as the strongest correlate of systolic BP [20] . The association of rs653178 with CRIP1 expression replicated in Cardiogenics (P = 2.2610
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). The association was in the same direction in the two studies and the SNP was associated with comparable R 2 (2.0% in GHS and 2.6% in Cardiogenics) (Table S3, Figure 3) . SH2B3, also known as LNK, is a member of the family of adaptor proteins mediating the interaction between the extracellular receptors and intracellular signaling pathways. It is expressed in hematopoietic precursor cells and endothelial cells and acts as a broad inhibitor of growth factor and cytokine signaling pathways [41] . The association of rs653178 with pattern 62 was not mediated by a cis effect on SH2B3 or by any other cis eQTL. In addition to CRIP1, module 62 included four expression traits significantly associated in trans with rs653178 (RAB11FIP1, MYADM, TIPARP and TREM1), among which RAB11FIP1 showed a borderline association in Cardiogenics (P = 0.01) (Table S3) .
Rs653178 belongs to a long-range haplotype which also carries rs3184504, a non-synonymous polymorphism (R262W) of the SH2B3 gene which is located in a pleckstrin homology domain involved in intracellular signaling. This haplotype has probably arisen from a selective sweep specific to Europeans since it is not observed in African and Asian populations [26] . The C allele of rs653178, which is the allele associated with increased BP and higher risk of disease in GWAS, was associated with decreased expression of CRIP1 (Figure 3) . However, in the GHS population, CRIP1 expression was positively related to SBP (r = 0.28) and DBP (r = 0.18), suggesting a complex relationship between genetic variation, gene expression and disease.
CRIP1 (cysteine-rich intestinal protein) belongs to a family of proteins with a LIM domain. LIM domains are protein interaction domains functioning in the regulation of gene expression, cell adhesion and signal transduction [42] . CRIP1 is highly expressed in immune cells and overexpression of CRIP1 in transgenic mice has been shown to alter the immune response [43] . CRIP1 has also been identified as a marker of cellular proliferation in several types of cancer [44] . Consistent with this role, module 62 included several genes involved in cellular growth and/or tumorigenicity (MYADM, SGMS2, EMP1, ITGA5, KLF6, FOXO1). The present results suggest that CRIP1 might play a central role in the pleiotropic effects of SH2B3 in several diseases.
Association of pattern 98 with locus 12q15 involving a large number of trans effects mediated by two cis eQTLs, LYZ and YEATS4
The strongest association was between rs11177644 at locus 12q15 and pattern 98 (P = 1.1610 292 for association, P = 1.2610 286 for enrichment) ( Table 1 ). The block of association included 40 SNPs and the lead SNP explained 24.8% of the pattern variance. The module included two cis eQTLs, LYZ and YEATS4 (48.6% and 37.7% of expression variability explained by the lead SNP, respectively) as well as 34 genes associated in trans, 17 of which with a P-value,10
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. Almost all associations were confirmed in Cardiogenics (Table S4 ). Most expression traits of module 98 negatively correlated to LYZ and YEATS4 ( Figure S6 ). When including expression levels of LYZ and YEATS4 as covariates in the linear regression model relating each trans eQTL to rs11177644, all trans associations considerably decreased (median R 2 decreasing from 3.2% to 0.5%), suggesting that these trans associations were mediated by cis regulation at the locus. LYZ encodes human lyzozyme which is secreted by monocytes and has a bacteriolytic function. YEATS4 (also known as GAS41) is a member of a large family of domain proteins which form complexes involved in chromatin modification and transcriptional regulation and has a strong link to cancer [45] . It was not possible from the present data to infer whether pattern 98 reflects a unique pathway involving LYZ and YEATS4 or whether it was a mixture of two independent pathways that showed coincidental correlation because of the physical proximity of LYZ and YEATS4 on chromosome 12.
Comparison of ICA and weighted gene co-expression network analysis (WGCNA)
To validate the approach used in this study, we compared the results obtained by ICA to those obtained by WGCNA, a method recently proposed to identify sets of co-expressed genes [46] [47] [48] . The WGCNA method is based on a clustering of genes into non overlapping classes, called ''modules'', based on their profiles of coexpression. Each resulting module is then characterized by its first principal component referred to as the module eigengene (ME).
When applying the WGCNA method to our data with default parameters, the 12,808 gene expression traits were clustered into 26 modules (Table S5) . We computed the correlations between the 26 MEs and the 64 patterns obtained by ICA (Figure 4) . Twentythree MEs (88%) exhibited a correlation .0.8 with at least one ICA pattern. Conversely, only 20 ICA patterns (31%) correlated to a ME with the same intensity, suggesting that ICA was able to identify patterns that were not represented by WGCNA modules, such as patterns 62 and 102 described above. Eleven of the 26 original WGCNA MEs (42%) were found enriched in GO categories against 42 modules (66%) for ICA using the same significance threshold.
To get a more balanced comparison between the two methods, we increased the number of clusters extracted by WGCNA by tuning the parameters (deepSplit and minModuleSize), leading to 71 WGCNA modules (Table S6) . Although the advantage of ICA appeared weaker in that case, the tendency remained the same: the fraction of WGCNA MEs exhibiting a correlation .0.8 with at least one ICA pattern was 52% (n = 37), while 42% of ICA patterns (n = 27) correlated to one of the 71 MEs ( Figure S7 ). Only 14 (20%) of these 71 MEs were found enriched in GO categories. The higher interpretability of ICA modules in known biological functions was however mostly attributable to the larger size of ICA modules (median size: 178.5 genes) compared to WGCNA modules (median size: 46 genes). Indeed, when selecting the subset of the 200 genes the most correlated to each ME, or with the highest absolute contribution to the ICA pattern signature, respectively, the proportions of GO enriched subsets was similar between ICA (67%, n = 43) and WGCNA (63%, n = 45).
We next compared the power of the two methods for identifying SNPs associated with sets of co-expressed genes. Figure 5 compares the quantile-quantile plots of the Sidak-corrected Pvalues obtained when testing the 675,350 SNPs against the 26 (or the 71) WGCNA MEs on one hand, and the 64 ICA patterns on the other hand. Much stronger associations were found with ICA patterns than with WGCNA MEs, regardless of the number of modules extracted by WGCNA. Worthy of note, the strongest associations (P,10
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) detected with the 26 original WGCNA MEs involved SNPs of the ARHGEF3 locus, which turned out to be likely explained by contamination by platelet RNA (see above).
Discussion
Various methods have been proposed to detect sets of coexpressed genes, including nonnegative matrix factorization [49] , connectivity-based approaches such as WGCNA [6, [46] [47] [48] 50] or Bayesian networks [7, 10, 12, 51] . The ICA method [18, 19] used in the present study is based on the assumption that the co-expression of genes may be described by a small number of latent features exerting independent influences on expression. Ideally, these features may be related to distinct biological causes of variation, like regulators of gene expression, cellular functions or response to environment [19] . ICA has been applied to different types of microarray data, in particular to identify expression signatures in cancer [52] [53] [54] .
Most of the components extracted by ICA could be characterized by a specific module of genes. A GO enrichment analysis indicated that two thirds of these modules were enriched in GO categories, thus highlighting the ability of ICA to recover biologically meaningful covariation. The proportion of enriched modules might be artificially inflated by the fact that ICA allows for modules of overlapping gene sets, leading to similarity between modules. However, the pairwise overlap between modules was generally limited (ranging from 1 to 20%, median 6%). In addition, most of the GO categories that were shared between similar modules were relatively large categories (e.g. immune response or intracellular components) and it may be hypothesized that the corresponding modules reflected specific aspects of a more general process. As pointed out by others [13] , modules can help in functional annotation of genes of unknown function based on known annotations of other genes in the module, such as CCDC4 in the RPS26-associated module.
Patterns of co-expression might be confounded by systematic variations introduced during sample processing or microarray measurements and by heterogeneity of the cell population [9, 24] . In particular, patterns observed in unseparated peripheral blood mononuclear cells or whole tissues are more likely to reflect variations in the tissue composition rather than true cell-specific co-expression. In the present study, monocytes were isolated by negative selection. The choice of the method for separation of leukocytes is a matter of debate. Negative selection results in lower cell purity, while positive selection may induce cellular activation and altered transcription due to cross-linking cell surface antigens. A comparison of the two methods in 6 subjects suggested that positive selection did not induce important changes in gene expression [24] . However, the study had little power to detect modest variations such as those involved in trans associations. Thanks to the recent advances in the characterization of genes specific of the different blood cell lineages [25] , it is now possible to better control in silico for potential heterogeneity of the cell population under study. We used this information to test the robustness of the SNP-pattern associations after adjustment for surrogate variables of contamination (S. Maouche et al. In preparation). It was not possible, however, to adjust expression data prior to ICA since we observed that such adjustment could induce other artifactual correlations, probably because genes supposed to be specific of a given cell type may also be expressed, although at lower levels, in the monocyte. Since none of the presently available methods yields an 100% purity, in silico adjustment appears as a solution for post hoc controlling the robustness of associations as recently proposed [55, 56] .
Using this robust approach, we investigated trans associations of pattern of co-expression in a large population-based study, the Gutenberg Health Study (GHS). We replicated significant trans associations (but not entire modules) detected in the GHS in an independent study, Cardiogenics. Our results showed three genomic regions associated in trans with modules of co-expressed genes. For two of these regions, the trans effects appeared to be mediated by one (or two) cis eQTLs (RPS26 and LYZ/YEATS4) while in the third case (SH2B3), the trans associations were likely to be explained by an alteration of the intracellular signaling. The biological hypotheses raised by these findings will have to be replicated in further experimental studies.
In conclusion, the present study shows that a method exploiting the structure of co-expressions among genes such as ICA can help identify genomic regions involved in trans regulation of sets of genes and provide clues for understanding the mechanisms linking GWAS loci to disease. It also suggests that trans associations involving large sets of gene expressions may reflect stratification of the cell population that can be controlled for by in silico adjustment.
Methods
More details are provided in Text S1.
Subjects
Study participants of both sexes aged 35-74 yr, were successively enrolled into the GHS, a community-based, prospective, observational single-center cohort study in the Rhein-Main region in western mid-Germany. The majority of participants were of European origin. A few non-European individuals detected by MDS analysis of genetic data (see below) were excluded prior to analysis, leaving 1,490 subjects for further analysis.
Ethics statement
All subjects gave written informed consent. Ethical approval was given by the local ethics committee and by the local and federal data safety commissioners. Genotyping GWV genotyping was performed using the Affymetrix GenomeWide Human SNP Array 6.0 and the Genome-Wide Human SNP NspI/StyI 5.0 Assay kit. Genotypes were called using the Affymetrix Birdseed-V2 calling algorithm and quality control was performed using GenABEL [57] (http://mga.bionet.nsc.ru/nlru/GenABEL/).
Separation of monocytes
Separation of monocytes was conducted within 60 min after blood collection. 8 mL blood was collected using the Vacutainer CPT Cell Preparation Tube System (BD, Heidelberg, Germany) and 400 mL RosetteSep Monocyte Enrichment Cocktail (StemCell Technologies, Vancouver, Canada) was added immediately after blood collection. This cocktail contains antibodies directed against cell surface antigens on human hematopoietic cells (CD2, CD3, CD8, CD19, CD56, CD66b) and glycophorin A on red blood cells. Total RNA was extracted the same day using Trizol extraction and purification by silica-based columns.
Microarray hybridization and data pre-processing GWE assessment was performed using the Illumina HT-12 v3 BeadChip. Pre-processing of data and quantile normalization was performed using Beadstudio. Analysis was performed on the mean levels of probes of genes. To stabilize variance across gene expression levels, data were arcsinh-transformed. The Illumina HT-12 chip included 37,804 genes (including probes not assigned to RefSeq transcripts). A gene was declared expressed when the fraction of samples with a detection P-value,0.05 for that gene was significantly higher than 5% (Text S1). After removing putative and/or non well characterized genes (i.e. gene names starting by KIAA, FLJ, HS., Cxorf, MGC, LOC, NT_, ENSG), 12,808 genes remained for analysis.
Outliers
Multi-dimensional scaling (MDS) was performed on GWE and GWV datasets and outliers in either dataset were excluded from analyses (Text S1, Figures S1, S2, S3, S4 ).
Independent component analysis (ICA)
After normalization, the distribution of each expression trait across individuals was centred and standardized. The R function svd was used prior to ICA to reduce the dimensionality of data and determine the optimal number of patterns to be extracted by ICA (Text S1). ICA was performed with the R fastICA algorithm which uses negentropy to minimize the dependency between components. The algorithm was configured using parallel extraction method and logcosh approximation of negentropy with a = 1. To avoid trapping in a local maximum, 10 runs of the algorithm were performed and the run with the maximal negentropy was kept.
Definition of modules and enrichment analyses
The fdrtool R package [23] was used to define the subset of genes characterizing each signature (''module''). The statistics to which the method was applied was the entry s ik of matrix S, considered as a normal score. The signature of each component was modeled as a mixture of two distributions (null and alternative). The method fits a null (Gaussian) distribution around the median of the signature distribution. A gene i was considered as belonging to the module of the signature k if s ik had a probability ,10 23 of being drawn under the null (FDR,10
23
). Functional annotations were made using the Gene Ontology database. Module enrichment was tested using a hypergeometric test. A threshold of 5.45610
26 correcting for the number of categories tested was taken to declare that a category was significantly enriched in genes from a module.
Pairwise overlap between modules was defined, for two modules A and B, as the ratio between the number of genes shared by A and B to the total number of genes belonging to A or B.
Testing association of patterns with genotype
Association of the 64 patterns with the 675,350 SNPs was first tested by ANOVA with 2 d.f. using the C variance program of the GNU library TAMU_ANOVA (www.stat.tamu.edu/,aredd/ tamuanova/). In this first step, a P-value, 10 27 was considered as suggestive. For suggestive SNP-pattern associations, we tested in a second step the enrichment of the module in expressions individually associated to the SNP by ANOVA at P,10
25
. For this second test, we used a hypergeometric test with a study-wise threshold of significance of 1.15610
29 (Bonferroni-corrected for 64 modules6675,350 SNPs).
Adjustment for potential contamination by nonmonocytic cells
For each blood cell type (CD4+, CD8+, CD19+, CD56+, CD66b+, erythroblasts and megakaryocytes), we listed from the HaemAtlas [25] the genes reported as specific of that lineage (Table S5 from [25] ). Expression levels of the cell-specific genes were averaged in each subject and taken as a surrogate variable of the degree of contamination by each cell type (S. Maouche et al. in preparation). Genes were considered specific from one lineage when they were over-expressed with a fold change higher than 2 in the considered lineage compared to all others [25] . In every GHS sample, the degree of contamination by a given cell type was assessed by averaging the expression levels of the subset of the cellspecific genes in that sample. This resulted in 7 surrogate variables for contamination. All significant SNP-pattern associations were re-tested by simultaneously including these 7 variables as covariates in the regression linear model.
Replication in Cardiogenics
The population study included 363 patients with coronary artery disease recruited in Lübeck and Regensburg (Germany), Leicester (UK) and Paris (France) and 395 healthy individuals recruited in Cambridge (UK) within the Cardiogenics Consortium (http://www.cardiogenics.eu). All subjects were of European descent (Text S1). Genome-wide genotyping was carried out using the Illumina Sentrix Human Custom 1.2 M array and the Human 610 Quad Custom array. Monocytes were isolated from whole blood using CD14 micro beads (Miltenyi). Gene expression profiling was performed using Human Ref-8 Sentrix Bead Chip arrays (Illumina). Pre-processing of data and statistical analysis were performed in the R statistical environment. For the genes to be replicated, we did not apply any filtering on the level of detection since the detection power was lower in Cardiogenics than in GHS and some genes might be missed for that reason. Association of gene expression with genotype was tested by analysis of variance with adjustment on age, gender and center. Analysis was performed at the probe level and the probes showing the strongest association were selected. The association with a module was considered as replicated when the two following criteria were met: 1) at least two genes were significantly associated to the SNP at a threshold of 0.05 after Bonferroni correction for the number of genes present in the module; 2) the number of genes associated to the SNP at a 0.05 threshold was significantly higher than 5%, based on a binomial distribution. This implies that association with the module was considered replicated even when not all genespecific associations were replicated. Full association results from the replication are available at the GHS_ICA_Modules database. For each replicated module, associations in Cardiogenics are reported in Tables S2, S3 and S4 for all expression traits associated at P,10 26 in GHS. For each gene, the probe showing the strongest association is reported.
Weighted gene co-expression network analysis (WGCNA)
WGCNA was performed on normalized expression data using the blockwiseModules function from the WGCNA R package (v0.92). The TOM matrix was computed from the whole set of 12,808 gene expressions (maxblocksize was set to 12,808) and all other tuning parameters were set to their default value (including dynamic tree cutting and automated merging of close modules). Module eigengenes (MEs) were computed by the blockwiseModules function as the first principal component of each module. In order to increase the number of clusters to get a more balanced comparison with ICA, a second run of the WGCNA algorithm was performed with parameters deepSplit = 4 and minModuleSize = 10 (size of the smallest ICA module: n = 14). 
GHS_Express
A downloadable SQL database compiling the results of the various associations between SNPs and expression traits is available online (http://genecanvas.ecgene.net/uploads/ForReview/). For using this database, see Methods S1 in [20] .
GHS_ICA_modules
More detailed results of the analyses performed in the present study are compiled in an HTML database that is available online (http://genecanvas.ecgene.net/uploads/ForReview/). These results include correlations between patterns, module composition and enrichment, associations between SNPs and individual expression traits within modules in GHS and Cardiogenics. Figure S1 Checking for outliers or population stratification from GWV data in GHS -Run 1. The figure plots the coordonates of all subjects on the first 2 principal components otained by MDS analysis of a matrix of pairwise IBS values between subjects. After this first run, 17 outliers (red circles) were excluded. (TIF) Figure S2 Checking for outliers or population stratification from GWV data in GHS -Run 2. A second run of the MDS analysis was performed after exclusion of the 17 outliers identified in run 1. After this second run, 54 additional subjects (red circles) were excluded. (TIF) Figure S3 Checking for outliers or population stratification from GWV data in GHS -Run 3. The third run of MDS analysis shows that the remaining population is genetically homogeneous. (TIF) Figure S4 Checking for outliers from GWE data in GHS. MDS analysis was applied on a matrix of pairwise distances between subjects calculated as 1 minus the absolute correlation between arrays. Ten subjects (red circles) were excluded from analysis. (TIF) Figure S5 Screeplot from the singular value decomposition (SVD) analysis of the matrix of 12,808 expressions61,490 subjects in GHS. The screeplot plots the variances explained by the principal components of the SVD. The blue solid curve shows the individual variance explained by the s th component (s th eigenvalue) and the green curve shows the cumulative variance explained by the first s components on the real data matrix. The brown dashed line corresponds to the eigenvalues obtained from a SVD on a random matrix obtained by permuting the 1,490 subjects independently for each gene expression. The purple solid line was obtained from the same random matrix but the s th eigenvalue was corrected for the variance explained by the (s-1) first components by subtracting, for each of the preceding component, the excess variance explained by the component (difference between real and random eigen values) from the remaining eigenvalues. The optimal number of components was determined at the intersection between the blue curve (observed variance) and the purple curve (variance expected under random after having already extracted (s-1) components), considering that beyond this number, components mostly reflected noise. The optimal number was 112 (red vertical line). 
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